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Abstract—A primary percutaneous coronary intervention 
(PPCI) re-establishes blood flow in an obstructed coronary 
artery. PPCI referrals vary in admission criteria partly on the 
basis of ECG findings, hence, not all the referrals are accepted. 
The aim of the paper is to discover archetypes of accepted 
patients referred to the PPCI center. Cluster analysis was 
performed on a PPCI referral dataset to identify patient 
archetypes and identify any key patterns of patients who were 
accepted for PPCI. A k-means clustering algorithm was used 
with the elbow method for determining the optimum number of 
clusters (groups of patients). A silhouette plot was generated for 
within cluster validation. Among the accepted PPCI referrals, 
there were four different groups of patients. The patients within 
each group have similar characteristics. The largest cluster of 
patients include male patients being referred out of hours and 
with excessive door to balloon times (DTBTs) as compared to 
those referred in hours. Another cluster includes older female 
patients who are referred out of hour. Also, it was discovered 
that the false activation rate and DTBTs are higher in females 
as compared to male clusters. The smallest cluster include the 
most elderly patients in the whole referral dataset and mainly 
includes more males than female’s who are referred out of hour 
and have the highest false activation rate, DTBT, and 30 days 
mortality rate. The cluster analysis of PPCI dataset revealed 
different patient archetypes. Each group of patients have a 
different mean age, out of hours referral rate, DTBT, false 
activation and 30 days mortality rate compared to other group. 
The identified clusters could be helpful for the clinicians to 
better understand their patients and utilize this information to 
aid the clinical decision making. 
Keywords— Clustering Methods, Machine Learning, K-means 
Algorithm, PPCI Referral, STEMI, Patient Archetypical 
 
 
The copyright notice: 978-1-7281-1867-3/19/$31.00 ©2019 
IEEE 
I. INTRODUCTION  
Acute chest pain patients are immediately assessed using a 
12-lead electrocardiogram (ECG), which is performed and 
interpreted by paramedics, PPCI nurse activators or 
cardiologists. The ECG interpreters use the ST-segment 
elevation myocardial infarction (STEMI) criteria for the 
investigation of cardiac disorders by assessing the heart’s 
electrical signals. Electrical changes in the heart correspond to 
depolarization and repolarization which leads to cardiac 
contraction and relaxation [1] . The ECG is a standardised 
diagnostic tool for cardiac care. When a patient is diagnosed 
with an acute myocardial infarction  (AMI), they are referred 
to the catheterisation laboratory (CathLab) for a primary 
percutaneous coronary intervention (PPCI) for reperfusion. A 
preferred treatment for myocardial infarction with ST-
segment elevation is PPCI which is effective for opening the 
infarct-related artery [2] [3][4]. On referral for PPCI, the 
activator (specialist nurse) decides whether to refer the case 
on to a cardiologist. The cardiologist then interprets the 
patient’s case including the 12-lead ECG, demographics and 
other symptoms such as chest pain to make a decision on 
whether to accept or turn down the patient for referral to the 
CathLab. The admission criteria for PPCI is often variable, 
partly on the basis of poor ECG interpretation, hence not all 
the referrals are accepted. The strict criteria may result in some 
patients with acutely occluded coronary arteries not getting 
the treatment in time.   It has been reported that a number of 
patients referred with negative STEMI criteria for PPCI  still 
required angioplasty [5]. The time (in minutes) from the 
patient first being admitted to/entering a hospital to the time 
when a device is used to reopen the blocked artery is referred 
as door-to-balloon time. The door-to-balloon  is a regulation 
which recommends as 90 minutes but now decreasing to 60 
[6] [7]. Several measures have been used to try to monitor and 
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minimise the door to balloon time. It was concluded that the 
use of a dashboard named H2H (home to hospital) helped 
improve the overall performance and process and 
approximately 90% of the patients achieved the recommended 
door-to-balloon time of 60 minutes [8]. Many studies report 
different aspects and analysis of the PPCI pathway, however, 
there is a lack of analysis to unveil unique patterns or different 
types/groups with respect to the acceptance and turndown of 
patients referred to the CathLab. One research study was 
conducted to analyse mortality of the PPCI referrals in relation 
to sex and race resulting no significant difference [9]. 
Lawesson et al. [10] presented the gender dependency on the 
symptoms in STEMI patients. They found that chest pain was 
less prevalent in women as compared to men, furthermore, 
other symptoms like shoulder, throat and back pain are as 
twice as common in men. Another study investigated whether 
the effectiveness of in-hospital and long-term outcomes for 
STEMI patients treated by PPCI within normal working hours 
compared with those treated out-of-hours (OOHs) [11]. De 
Boer et al. conducted research to estimate the clinical effects 
of PPCI  versus fibrinolysis (FL) in connection with age and 
concluded that the reduction in clinical end points was not 
influenced by age [12]. Other research investigated the 
medical treatment, reperfusion trends and inhospital 
mortality during STEMI in older adults. The study determined 
that patients undergoing PPCI or thrombolysis (TL) had lower 
inhospital mortality compared with patients with no 
reperfusion (NR) [13]. Jakobsen et al. studied the outcome of 
PPCI in relation to age and sex and also compared sex and age 
specific mortality of PPCI patients with that of the general 
population. After 90 days post-PPCI, the mortality of treated 
patients was comparable to the mortality of the general 
population, independent of sex and age [14]. Another study 
[15] stated that age is associated with impaired myocardial 
perfusion, but not epicardial perfusion, after PPCI treating 
AMI. To further improve the outcome of elderly AMI 
patients, efforts should be aimed at improving myocardial 
perfusion beyond epicardial recanalization. In gender-based 
mortality analysis Gevaert et al. concluded that PPCI-treated 
women had a higher in-hospital mortality rate even after 
correcting for TIMI risk scores. The TIMI risk score was 
effective in predicting in-hospital mortality but performed 
slightly better in men [16].  
Referral analysis is not only limited to  PPCI patients, the 
literature also presents the analysis of several other patient 
referral data studies. A meta-analysis of individual patient data 
from seven medical centres in the United States, Europe, and 
Japan was performed for the primary outcome of all-cause 
mortality. Standardized mortality ratios and predictors of 
mortality were estimated. They concluded that a high 
mortality risk for systemic sclerosis and internal organ 
involvement and anti-topoisomerase antibodies turned to be 
important determinants of mortality [17]. Other research 
analysed the literature on the rates of referral for intervention 
or assessment of students from three racial groups: Caucasian, 
African American, and Hispanic resulting in no significant 
differences between the referral rates of Hispanic patients and 
Caucasian patients whereas when comparing African 
American with Caucasian patients, the mean risk ratios 
comparing the referral rates were significantly different from 
zero [18]. This study [19] investigated relative occurrence, age 
at presentation, sex distribution, and skeletal distribution of 
malignant soft-tissue tumors. Literature shows almost every 
field of medicine have analysed patient referrals for multiple 
investigations. Similarly, machine learning (ML) techniques 
have also been used to analyse patient referrals for patient 
groupings. Cluster analysis (unsupervised learning) is analysis 
of data with the absence of category information. The 
objective of cluster analysis is to discover homogeneous 
clusters in the data revealing new insights, patient archetypes 
and new knowledge including new classifications or labels 
[20]. The approach used within this current work has also been 
used in previous studies. This approach uses the k-means 
clustering algorithm for feature extraction to examine and 
determine STEMI in the ECG signal of a person [21]. The 
primary aim of this current work was to use the k-means 
clustering method (a form of unsupervised machine learning) 
on a PPCI dataset to investigate homogenous clusters of 
patients to reveal patient archetypes. 
II. METHODS  
A. Dataset 
This study involved analysis of an anonymised dataset 
from a cardiac care unit (CCU) at Altnagelvin Hospital 
(Northern Ireland, UK) for consecutive STEMI accepted 
patients from September 2014 to February 2019. The total 
study population consisted of 980 patients that were accepted 
for a PPCI intervention (n=714, 73% men). This referral data 
was routinely recorded by a staff nurse using a paper-based 
form and then digitised using a spreadsheet. Data contained 
some inconsistencies and missing values. The removal of 
some records and missing data imputation were applied on the 
dataset. For data imputation, any observation (patient) with 2 
or more missing variables (NAs) was removed resulting in 
828 observations. For data imputation the Multivariate 
Imputation by Chained Equations (MICE) package in R was 
used. The MICE package implements a method to deal with 
missing data. The package creates multiple imputations 
(replacement values) for multivariate missing data. The 
method is based on Fully Conditional Specification (FCS) 
implemented by the MICE algorithm as described in Van 
Buuren and Groothuis-Oudshoorn [22].  Each variable has its 
own imputation model. Built-in imputation models are 
provided for continuous data (predictive mean matching, 
normal), binary data (logistic regression), unordered 
categorical data (polytomous logistic regression) and ordered 
categorical data (proportional odds). MICE can also impute 
continuous two-level data (normal model, pan, second-level 
variables) [23]. 
 For the ‘30 days mortality’ variable a total of 219 values 
were imputed using Mode imputation. Whereas, for the DTBT 
variable a total of 320 values were imputed using MICE. The 
data cleansing was also performed where all the observations 
with any NA value were removed, as a result 508 observation 
were available. After the approval of an ethics application to 
undertake this analysis, the staff nurse removed all personal 
identifiable information such as names, date of birth and 
unique patient identifiers. 
B. Data analysis 
Clustering analysis entains statistically grouping similar 
cases in such a way that cases in a group (known as a cluster) 
are more similar to each other as compared to the other groups 
(clusters). This called within group similarity. In this study, 
clustering is used to help better understand the relationships 
between different groups of patients accepted for PPCI. This 
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information will be used to unveil the patterns and patient 
archetypes that exist within each of the clusters 
C. Feature used 
Only the patients accepted for PPCI were used (980 
referrals collected in 2014–2019). 
Patients were clustered using five attributes or features that 
we believe characterize a PPCI patient: 
• Age 
• Sex 
• Out of hours 
• 30 days mortality and 
• Door to balloon time (DTBT)  
We selected these features due to their explanatory power. 
Literature shows that gender and age distribution and their 
effects has been an interesting and important area of research 
[24][16][10][25]. Most of the PPCI being referred out of hours 
could be critical information for the CathLab service 
availability 24/7. The door to balloon time (DTBT) is an 
important regulation for any patient going to the CathLab, and 
the literature includes multiple studies that measure, monitor 
and control DTBT [11] [26] [27][28] [29][30] as it can be a 
KPI for STEMI patient care. Similarly, 30 days mortality is an 
obvious key variable in PPCI.   From a machine learning 
perspective, these features provide the smallest and simplest 
possible feature set that captures both the patient and limited 
treatment information for each individual. 
D. Clustering technique 
Before running clustering algorithms on the data, each 
variable was standardized, i.e. each of the five features were 
centred at zero and scaled using variance. For clustering, the 
K-means clustering algorithm was used given that is the most 
widely used and established clustering algorithm in the 
unsupervised machine learning literature. Before applying the 
clustering algorithm, it is fundamental to choose the quantity 
of cluster centroids. We applied the heuristic elbow strategy, 
as exhibited in Figure 1, which takes the total within-cluster 
sum of squares as a function of the number of clusters. We 
then selected the number of clusters with the aim that adding 
or removing another cluster does not affect the total within-
cluster sum of squares. Using elbow method, we distinguished 
that four a reasonable number of clusters that will demonstrate 
the groups in terms of explained variability. Throughout our 
clustering analysis, sums-of squares of the relevant deviation 
are used to measure statistical variability. Euclidean distance 
was used as a natural measure of deviations for our selected 
four features. The total sum of squares was computed using 
the deviations of individual patient from the centroid of the 
whole dataset. The within-groups sum of squares is computed 
using the distance of an individual patient from the centroid of 
the assigned cluster. The between groups sum of squares uses 
the distances of cluster centroids from the dataset centroid and 
is numerically equal to the difference between the total sum of 
squares and the within-groups sum of squares. 
 
 
Figure 1. Elbow method illustration: the within-groups sum of squares 
drops from three clusters to four and comparatively flattens out for all the 
higher numbers of clusters. This suggests K = 4 is the best number of 
clusters for the problem at hand 
 
Using elbow method (when using the plot shown in 
Figure 1), we consider the height of the curve at each K as the 
fraction of its height at K = 1 (leftmost dot on all elbow 
method plots). The elbow method is a visual inspection 
approach where we select k (the number of clusters) when we 
see the first clear elbow joint (when together with the previous 
point and subsequent point creates a line that looks like a 
human arm). The K-means clustering algorithm uses random 
sampling. The algorithm (implemented in R) outputs clusters 
as a numbered sequence, in order of extraction. The order in 
which the clusters are extracted varies depending on which 
slice of the dataset is inspected. Cluster package was used for 
the cluster analysis. 
E. Ethical aspects 
Permission for the study was obtained from the regional 
Ethical Review Board IRAS 251710, NHS (ORECNI) and 
complied with the Declaration of International Research 
Integrity Association [12].  
III. RESULTS  
A. Clusters 
The elbow method for different portion of dataset as 
shown in figure 1, mostly resulted in K=4 as the optimal 
number of clusters. The four-cluster solution for the PPCI 
patients is explained in detail below. Figure 2 shows the 
clustering results with four-cluster split. Table 1 shows the 
cluster (type of PPCI referral patients) and their features. 
1. Cluster  number: number of clusters. 
2. Cluster size: number of patients captured in the cluster. 
3. Mean age: in-cluster average age of patients within that 
cluster. 
4. Sex: sex distribution and dominance within that cluster. 
5. Out of hour: number of referral within/without working 
hour within that cluster. 
6. False activation: number of false activations within 
each cluster. 
In accepted group there could be true activations as well 
as false activation (mainly patients who went to the 
CathLab, but no blockage was found). 
7. 30days motility: mortality rate within that cluster. 
8. Avg. DTB: mean door to balloon time within that 
cluster. 
Figure 3 shows the mean age and DTBT within each 
cluster with std. error bars whereas figure 4 depicts the 
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boxplot for the average door to balloon time and age 
within each cluster. Similarly, figure 5 shows the overall 
clusters distribution over each feature listed above 
 
Figure 2 Clustering results. show four-cluster split. 
 
 
 Tables 1 show cluster averages for two features: age, door to balloon time, 






































































Figure 3: The mean age and DTBT within each cluster with std. error bars 
 
 
Figure 4: The Clusters distribution over age and DTBT feature 
 
 
Figure 5: The Clusters distribution over each feature 
 
B. Cluster analysis 















This is the largest cluster 
representing the majority of 
patients. This cluster represents 
the “out of hour males”. The 
mean age for this group is 61 
years old (SD=12) with a very 
low rate (2.8%) of false 
activations (patients who went to 
the CathLab, but no blockage 
was found) and a zero rate of 30 
days mortality with the average 
of 40 mins (SD=30) door to 
balloon time. In summary, these 
represent out of hour males who 
are treated in good time and 






This is the smallest and most 
interesting cluster as it comprises 
of both males (57%) and females 
(43%) who all die within 30 
days. This group are the oldest in 
age i.e. mean age of 73 years (SD 
=12) but also with the highest 
mean DTBT (42mins±32) with 
most of the patients referred out 
of hour. This group also have the 
highest false activation rate of 
22.6%. 








This is the second largest cluster 
representing males who are 
referred in-hour and who are 
treated sooner than any other 
group (mean DTBT 30 mins±16) 
with a 0% 30 days mortality rate. 
This group has a mean age of 60 
years (SD=10) with only a 1% 





This cluster represents all 
females and ~63% of the patients 
are referred out of hour and the 
mean age for this group is higher 
than the male groups i.e. 70 years 
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(SD=13). Although, 30 days 
mortality rate in this group is 
also zero but this group contains 
5.9% of the false activations with 
(39mins±25) of mean DTBT. 
 
The cluster analysis grouped PPCI referral patients into 4 
clusters. The largest cluster named “out of hour males” shows 
the overall dominance of males who are referred out of hour 
with a mean age of 61 (SD=12) with a very low rate (2.8%) of 
false activation (patients who went to the CathLab, but no 
blockage was found) and 0% rate of 30 days mortality with 
the average DTBT of 40 mins. The second largest cluster was 
again a male dominant cluster where all the referrals were 
made in hour. This group had mean age 60 years old with 
almost no false activations and a 0% rate of 30 days mortality 
with the least average DTBT of only 30 mins. The third largest 
cluster named “all females” - as the name suggests this cluster 
is female dominated. 63% of the patients were referred out of 
hour with the mean age for this group being higher than the 
male groups i.e. 70 years. Although, 30 days mortality rate in 
this group is also 0% but this group contains 5.9% of false 
activations with a mean 39mins±25 DTBT. The fourth and the 
smallest cluster of PPCI patients is the only group that 
comprises of both males (57%) and females (43%) all of 
which die within 30 days. This group has the highest average 
age i.e. 73 years old±12 with the highest mean DTBT i.e. 
42mins±32, this group also has the highest false activation rate 
of 22.6% with 100% 30 days mortality. Looking at these 
clusters we can identify different arcetypes of patients referred 
for a PPCI / CathLab intervention. Among all the patients, the 
group of patients with highest mean age were mostly referred 
out of hour and experienced the maximum DTBT and had the 
highest 30 days mortality rate. False activation was found 
more common in female dominant clusters. 
C.  Clustering validation and evaluation 
Cluster validation is basically a procedure to evaluate the 
validity of the results of the clustering solution. The silhouette 
plot is a measure used to evaluate and validate the clusters 
distributions. Silhouette (SiSi) measures the similarity of an 
object with the other objects of its own cluster against the 
objects in neighbour clusters.  SiSi values range from 1 to – 1. 
SiSi values close to 1 refers to well clustered solution whereas 
close to -1 indicates that the object is poorly clustered, and that 
assignment to some other cluster would probably improve the 
overall results. Silhouette plot was generated using K-means 
clustering. Figure 6 shows the cluster silhouette plot with an 
average value 0.4. The plot shows that all the observations 
have positive values which supports that the solution is well 
fitted within the clusters. There are no negative values in any 
of the clusters which again validates the clustering results. 
 
Figure 6: The clustering silhouette plot 
IV. DISCUSSION 
Knowing the types of different patients and their 
characteristics could be an interesting information for the 
clinicians in cardiac care. The patient’s categorization might 
aid clinicians in decision making for accepting or turning 
down the patients for the CathLab. In this research the 
clustering analysis was performed with a cleaned up original 
PPCI patient dataset. Whilst a small portion of the data 
included missing data imputations, we carried out the analysis 
using completed case analysis (where there was no data 
imputations) and the analysis resulted in the same cluster 
features for both the datasets (imputed and original/complete 
case analysis). Hence, the results do not change when 
removing all cases with any NA. 
It was observed that PPCI dataset is dominated by the male 
gender. All the male patients who were referred in hours had 
the least (0%) false activation rate and a 0% 30 days mortality 
rate. They also attained the least DTBT which is 30mins. 
Subsequently, the males who referred out of hour have low 
false activation but 0% 30 days mortality however they took 
little more DTBT which is 40 mins P<0.001. We uncovered a 
group of female patients who are older than both the male 
groups. Among this group about 63% were referred out of 
hour which also led to false activations (5.9%). The 30 days 
mortality rate however in this group is 0%. The DTBT is also 
slightly higher than the male group. From the results, we can 
conclude that females are older than males and tend to be 
referred more out of hour as compared to male groups, also 
there are more false activations in the female clusters taking 
more DTBT (P<0.001) as compared to male clusters. The 
smallest and most interesting cluster represents the oldest 
patients with 100% 30 days mortality and highest DTBT. This 
is the only cluster that includes both males and females, 
slightly more than half are male patients and around 60% of 
the patients were out of hour. The mortality cluster also had 
highest percentage of false activations. For the validation of 
these clustering results the silhouette plot were used to 
measures the similarity of an object with the other objects. 
SiSi values range from 1 to – 1. SiSi values close to 1 refers 
to well clustered and our clusters silhouette plot with average 
value 0.4 which can be considered as good result. The 
objective of cluster analysis is to discover homogeneous 
clusters in the data revealing new insights, patient archetypes. 
The approach used within this current work has also been used 
in previous studies for different medical field. However, the 
patient’s archetypes for the PPCI referral couldn’t be found in 
the literature. The primary aim of this current work was to use 
the k-means clustering method (a form of unsupervised 
machine learning) on a PPCI dataset to investigate 
homogenous clusters of patients to reveal patient archetypes. 
These findings are based on one dataset of a single hospital of 
Northern Ireland which can limit the results and may not be a 
depiction of all PPCI services. However, in future analysis, 
enhancement has been planned in terms of including the 
dataset from other UK hospitals. 
 
V. CONCLUSION 
The PPCI referral data analysis provided four patient 
archetypes. The clustering solution depict the prevalence of 
male patients who are being referred out of hour taking more 
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DTBT as compared to those referred in hour (P<0.001). 
Female patients are older and referred more out of hour. Also, 
the false activation rate and DTBT are higher in females as 
compared to male clusters (P<0.001). The cluster with the 
oldest patient’s majority referred out of hour, have highest 
false activation rate and DTBT with 100% 30days mortality 
rate. 
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